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As global supply chains have become more complex and the legal crawl has
expanded requiring compliance with labor and environmental issues, the pres-
sure on the textile industry to switch to smart and accountable contracting sys-
tems has become irresistible. A holistic Al-based framework was developed to
integrate machine learning models, regulatory clause mapping, stakeholder val-
idation, and scenario-based simulations. Among the tested models, deep neural
networks exhibited the strongest capabilities for predicting and adjusting to di-
verse procurement contexts. The Al system generated contract drafts that had
high structural fidelity to human-sourced agreements (averaging >95% similar-
ity) and consistently demonstrated compliance scores >92% across relevant legal
classes. Procurement managers, legal advisors and auditors then evaluated the
contracts delivered by the Al and confirmed their clarity, fairness and feasibility.
The model also reduced negotiation time, resulting in tangible cost savings rela-
tive to traditional approaches. While the results underscore the potential of Al to
improve efficiency and compliance, the research also contributes to worries about
legal interpretability, differences between jurisdictions and the need for human
supervision. The research supports the advancement of responsible Al systems
for critical decision-making contexts and a model for ethical contract automation
for industry that is well-founded and reproducible.

Ilo mepe ycnoscnenus 2no0anbHbIX YenoYeK HOCMABOK U PACUIUPEHUS 10 PU-
ouueckux mpeooeanuil 6 0o6aacmu mpyooeo2o 3aKOH00AmeabCmea u OXpaHvl
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OKpydcaroueii cpedvl 0asneHue Ha MeKCMUIbHYI0 RPOMBIUIEHHOCHb C Yebl0
nepexooa K UHMmMeN1eKmyaabHblM U HOOOMYEMHbIM CUCHIEMAM 3AKTI0YeHUs
KOHMPAKmoé cmaio HenpeoooIumMvim. Asmopamu paspadomana yeiocmuasn
CMPYKmypa Ha 0CHO6€ UCKYCCHEEHHO20 UHMmeN1eKma, 6KII0Uaruas mooenu
MAWUHHO20 00YYeHUs, KApMUpoeanue pezyismopHbIX NOJI0MHCEHUIl, 6a1U0a-
YU 3aUHMEPECOBGAHHBIMU CMOPOHAMU U Mmodenuposanue cyenapues. Cpeou
NPOMeCMUPOBAHHBIX MOOeell Hauayuuue pe3yibmamosl nOKaA3anu 2nyooKue
HellpoHHble cemu, RPOOEMOHCMPUPOBABUIUE BbICOKYIO CHOCOOHOCHIb K NPOZHO-
3UPOBAHUIO U A0ANMAUUU K PAZTUYHBIM ACHEKM AM 3aKYNOK.

Cucmema HH zenepuposana npoekmut KOHMPAKmos, 001a0aroujue 6blCOKOI
CMPYKMYPHOU UOEHMUYHOCIbIO C 002060PAMU, COCMAGIEHHLIMU JII00bMU (8
cpeonem boaee 95% cxoocmea), u cmadbunbho docmuzana nokaameeil coom-
6enmCcmeus mpedosanusM 3aKOH00ameIbCmeda Ha yposne oonee 92% no knroue-
6bIM NPABOvIM Kamezopuam. Meneoscepvl no 3aKynkam, puoudeckue Kow-
Cy1bmanmol U ayoumopvl oyeHuau cozoannvie HU konmpaxkmot, noomeepous
Ux ACHOCMb, CHPABEOIUBOCHIb U HNPAKMUYECKYIO ocywecmeumocms. Kpome
mo2o, MOOeb NO360IUNIA COKPAM UMb 8PeMs NEPECOBOPO8, YN O HPUBETIO K OULY-
MUMOMY CHUMNICEHUIO 3ampam nO CPAGHEHUI0 ¢ MPAOUUUOHHBIMU ROOXO0AMU.
Pe3ynomamal ucciedosanus maxice no04ePKUGArOn, Ymo, HeCMOMmpA Ha 6blco-
Kylo I¢hhekmusnocmo u coodn00eHUEe HOPMAMUGHBLIX MPeOdOGAHUIl, Ccyuie-
CMEyIom PUcKuU, C6A3aHHbIE C IOPUOUYECKOU UHmMEPpRpemayueil u pa3nuiduamu 6
NPABOBLIX CUCHEeMAX, YMO CEUOEM eNbCHEyem 0 HeoOX00UMOCHU COXPAHEHUS
yenoeeuecKko20 KOHMpOA.

Paboma cnocoocmeyem pazeumuro omeemcmeennuvix cucmem HHU ona npu-
HAMUA KPUMUYECKU BAHCHBIX PEUleHUNl U (POPMUPOBAHUIO 80CHPOU3B0OUMONL
MoOenu agmoMamu3ayuu nPoYUecco8 3aKnoUeHus u cod.1100eHus KOHMpPAaKmos
07151 RPOMBIUTIEHHOCMU.

Keywords: artificial intelligence (Al), contract automation, textile industry,
legal compliance, negotiation systems, stakeholder evaluation, machine learn-
ing, ethical Al.

KuaroueBble cioBa: uckyccrBeHHblii nHTe/uiekt (MU), apromaru3anus co-
31aHHSI KOHTPAKTOB, TEKCTHJIbLHAsI MPOMBILILJIIEHHOCTH, IPABOBAsi perjiaMeH-
Talusi, CACTEMbI NE€PEroBOPOB, OLeHKA 3aHHTEPECOBAHHBIX CTOPOH, MAIIIHH-
HOe o0yuenue, yTuunbIii UU.

Introduction

Over the past few years the Artificial In-
telligence (Al) we start to see everywhere,
from the more advertising technologies to in-
dustry and the markets, have revolutionized.
Al technologies are being used in the textile
sector a thriving industry with complex pro-
duction cycles and supply chains to improve
efficiency, inform decision-making, and re-

ducecosts [1, 2]. For example, there are those
artificial intelligence-based systems that al-
low different parties, such as manufacturers,
suppliers, and retailers, to negotiate con-
tracts. With the globalization and competi-
tion in the textile market intensifying, the es-
tablishment of a more efficient negotiation
process is attracting much attention [3].
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In the textile industry, the most common
practices for negotiating contracts are usu-
ally long, manual data analytics, and highly
subjective. There may be multiple stakehold-
ers cross-border in contracts each of them
having different priorities, performance met-
rics, and pricing models. Such variables
never influence these negotiations in a vac-
uum; rather human negotiators must sift
through these factors, attempting to deter-
mine the right terms for both parties while
preventing disputes. This manual process is
often time-consuming and prone to error/in-
consistencies. Furthermore, with customers
increasingly demanding transparency and
sustainability across the textile supply chain,
companies are under pressure to ensure that
contract terms are an accurate reflection of
fair labor practices, balanced profit distribu-
tion, and compliance with regulations [4].

Al-powered contract negotiation plat-
forms claim to solve many of these chal-
lenges. These platforms leverage complex al-
gorithms and machine learning techniques to
process large datasetsrapidly, spot trendsand
patterns, and suggest best practices for con-
tract terms. They can also model different ne-
gotiations, giving parties insights into the
potential results of different choices. Moreo-
ver, such systems allow for more data- and
evidence-powered negotiations, facilitating
decision-making while minimizing instinct
and conjecture. A positive claim for this per-
spective is that these speeds up the negotia-
tion process while also creating a more trans-
parent and structured framework for building
up contracts [5].

However, the synthesis of Al in contract
negotiations can be challenging. For one
thing, the processes behind Al decision-
making can be hard to make transparent. That
enables an Al system to be questioned on
how it has come to the recommendations it
has made to users, which can lead to issues
around accountability and trust. A second
concern in Al negotiation is the potential for

bias. When such systems are trained using bi-
ased data, it may produce results that uphold
or worsen existing disparities. If prior agree-
ments, for example, have consistently pre-
ferred one group of suppliers over the others,
as can often be the case in many contracting
industries — the Al can be trained on those
past decisions and will continue to make sim-
ilar ones without consideration of best prac-
tices. This emphasizes the need to make sure
that training data is diverse, representative
and well assembled [6, 12].

It must also be decided what regulatory
frameworks will accompany the implementa-
tion of Al-driven negotiation tools. The con-
tracting requirements, trade regulations, and
compliance requirements can vary widely
since the textile industry operates under vari-
ous legal jurisdictions. An Al platform that
works great in one place is a subject of litiga-
tion in another if its (proprietary) decision
making processes do not meet local fiscal or
social standards. As companies implement
these types of technology, they will confront
a challenging and nuanced legal Environment,
and must ensure compliance with global and
local standards for operating Al systems [7].

However, the potential for Al to facilitate
contract negotiations in the textile industry is
only just beginning. For industry stakehold-
ers ranging from manufacturers to suppliers,
regulators and consumers, understanding the
implications of this change is critical [8].

With global supply chains getting more
complex than ever, legacy methods can no
longer cope with the evolving landscape of
market dynamics, customer expectations and
regulatory changes. This acknowledgment
led researchers to explore different method-
ologies, especially those that can exploit dig-
ital technologies [9, 10].

Moreover, the literature emphasizes the
potential for Al to model various negotiation
outcomes, allowing agents to visualize po-
tential implications and outline systematic
approaches. Not only do these capabilities
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expedite the negotiation process, but they
also add transparency and structure to con-
tract formation [11].

The need for efficiency and compliance in
equal measures, driven by constraints of both
legality and relevance has brought up the
conversation on how Al can be built with a
system level adaptability across multiple le-
gal contexts while minimizing the impact on
consistency across knowledge sources [13].

This article reviews the practical, opera-
tional, and legal implications of these tech-
nologies with a view to an adequate under-
standing of their effects on the textile sector.

Methodology

This study employed a five-phase meth-
odology to design, validate, and assess Al-
driven contract negotiation systems. The ap-
proach combines structured data acquisition,
advanced machine learning (ML) modeling,
scenario-based validation, legal compliance
integration, and feedback-driven iterative
learning [14...16].

To support the predictive negotiation
model, a multivariate dataset was compiled
from textile manufacturers’ internal systems,
including contract repositories, procurement
logs, supplier ratings, market analysis, and
defecttracking [4, 17, 18]. The initial datain-
cluded inconsistencies and outliers; thus, a
robust preprocessing pipeline was estab-
lished. The resulting cleaned dataset forms a
numerical matrix comprising contract in-
stances, supplier metrics, and negotiation at-
tributes.

The structure of the dataset is formally
defined as:

D={x,y}i, ER™™ ., (1)

where x; is the feature vector for contract in-
stance i; y; is the target output, as a negoti-
ated delivery time or pricing; v is the number
of observations; m is the number of contract-
related features.

To standardize all numeric variables
across varying units, like days, USD, units,
Z-score normalization was applied:

% ="M )

where X is the standardized value of feature
j for sample i; y; and o; are the mean and
standard deviation of feature j, respectively.

Anomaly detection was conducted using
Mahalanobis distance to eliminate multivari-
ate outliers:

dy(x;) = \/(xi - W, )

where d,, (x;) is the Mahalanobis distance for
vector x; — p is the feature mean vector; X' is
the covariance matrix of the dataset.

Data integrity was validated by measur-
ing completeness and consistency ratios, en-
suring that over 95% of all values were usa-
ble for model training [17].

The goal of second phase was to identify
a machine learning model capable of predict-
ing negotiation outcomes, including opti-
mized delivery schedules, defect-tolerant
pricing, and compliant contract structures [8,
19, 20]. Both regression and classification
approaches were considered, with preference
given to models supporting interpretability,
scalability, and legal traceability [5].

The supervised learning objective is rep-
resented as:

y=fx0), 4)

where ¥ is the predicted negotiation vector; x
is the feature vector; f is the learned model
function; 8 is the set of optimized model pa-
rameters.

The loss function minimized during train-
ing is a hybrid formulation combining predic-
tion accuracy and distributional conformity:

Ne 2 (416) TEXHOJIOT' Sl TEKCTUJIbHOM TTPOMBIIIJIEHHOCTH 2025 397



£(6) = L, MAE + A,RMSE +
+A;KL(P||Q) , ()

where 4,,1,,1; are regularization weights;
MAE is the mean absolute error; RMSE is the
root mean square error; KL is the Kullback-
Leibler divergence between predicted and
observed clause distributions Q and P.

The MAE metric used was:

1 A~
MAE = n talyi— Yi|2 ) (6)

where y; is the true value and ¥, is the pre-
dicted value for instance i; n is the number of
samples.

To emphasize large deviations, RMSE
was also calculated:

RMSE = \/%Z?_l(yi—ﬁi)z. )

where all variables are as defined above, and
squaring enhances sensitivity to larger errors.

Neural networks were optimized using
adaptive learning rate decay:

1
1+pt

Ne = Mo ' (8)

where 7, is the learning rate at epoch ¢; n, is
the initial learning rate; S is the decay con-
stant controlling rate reduction.

Training was performed using stratified
5-fold cross-validation to ensure robustness

across contract types and supplier perfor-
mance tiers [8].

c(c) = {1 if clause c meets legal and ethical conditions,

0, otherwise

To simulate uncertain or volatile negotia-
tion environments, such as delivery delays or
price shocks—Monte Carlo simulations were
used to generate alternative input vectors [10,
21]. This enabled testing the system’s ability
to generalize under real constraints.

Scenario variation was implemented us-
ing Gaussian perturbations:

X =x+8, 8N O

where x'; is the perturbed input vector for
scenario j; &, is the noise vector sampled
from a normal distribution with variance ajz.

To assess performance of Al-generated
contracts against manually negotiated base-
lines, a multivariate weighted distance func-
tion was used:

D(c,p,cy) = Z{'('=1 Wi [Cap; — €yl (10)

where D is the total weighted difference;
c,;, Cy are the Al and human contract term
values for element i; w; is the importance
weight for term i; k is the number of key con-
tract terms evaluated.

Performance improvement was also con-
firmed using paired t-tests at a 95% confi-
dence level.

Given the legal implications of automated
contract generation, a compliance scoring en-
gine was developed to assess clause-level
alignment with regulatory requirement [6, 7,
22]. Each clause in a generated contract was
analyzed against labor, trade, and sustainabil-
ity rules using a Boolean mapping function.

Compliance was encoded as:

, (11)
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where C(c) is the compliance status of clause
ccc, based on pre-programmed legal rules.

The contract-level Regulatory Compliance
Score (RCS) was then calculated as:

RCSe = 5 Beee C0) (12)

where C is the set of clauses in a contract; C (¢)
is the binary compliance value per clause.

In case of detected conflicts, the system
flagged clauses for manual review, ensuring
interpretability of legal reasoning via clause
traceability matrices.

To ensure the Al contract system respects
fairness, clarity, and feasibility, a multi-stake-
holder validation protocol was established in-
volving legal advisors, procurement officers,
and external auditors [9, 23, 24]. Contract out-
puts were evaluated through structured surveys
using Likert-scale ratings.

The stakeholder satisfaction index was cal-
culated as:

where SI; is the satisfaction score for stake-
holder j; a; is the importance weight for crite-
rion i; r;;is the stakeholder’s rating on crite-
rion i; k is the number of evaluation criteria,
such as fairness, clarity, feasibility.

Feedback was integrated into model re-
training using a reward function that increased
the weight of highly rated clauses in the next
generation.

Results

The Predictive Accuracy and Model Learn-
ing Performance analysis provides a compara-
tive analysis, for five machine learning models
used for predicting outcomes in negotiation,
targeting expenses contracts, delivery lead
times and clauses compositions. The data we
adopt for conducting the research is 1200 con-
tracts samples between six multinational tex-
tile producers, Al-Rafidain Spinning Ltd., Na-
har Exports, Babylon Fabric Group, Maji
Weaving Company, Gulf Denim Corporation,
and Al-Nasir Textiles. The efficacy of each
model was evaluated using accuracy metrics,
clause structure approximation and processing

— V%
S = Liza @ Ty (13) time (tab. 1).
T able 1

Machine Learn- | Mean Abso- Root Mean Divergence from \f(::?l?‘;l:; Training Time Leaming

ing Model lute Error Square Error Human Drafts %) (Seconds) Rate Used
Linear Regres- 1.32 1.75 0.245 85.2 5.1 Not Appli-
sion cable
Support Vector 1.10 1.59 0.198 88.1 123 Not Appli-
Machine cable
Random Forest 1.01 1.42 0.151 90 18.5 Not Appli-
Regressor cable
Multilayer Per- 0.94 1.29 0.133 91.5 242 0.005
ceptron (MLP)
Deep Neural 0.87 1.15 0.112 92.8 30.1 0.0035

Network (DNN)

The deep neural network outperformed the
rest of the tested algorithms, yielding the best
validation accuracy and lowest error rates with
an average absolute deviation of only 0.87 and
a structural clause divergence of 0.112. It per-
formed much better than linear models, which
showed the lowest performance for all met-
rics. The random forest and MLP models were
strong performers as well, suggesting they are
good options for constrained compute environ-

ments. The long training time of the deep neu-
ral network is justified by its ability to repro-
duce human structure with high fidelity. Thus,
the DNN emerges as the best model among
those trained for Al-assisted contract genera-
tion in high-volume textile set-ups.

To evaluate resilience, the Al system was
challenged underfive disruption scenarios typ-
ical in the supply chains of textiles: supplier
failure; spikes in material costs; sudden need
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for urgent delivery; transport delays; and ab-
rupt changes to regulations. All three scenarios
relied on actual case dataobtained from Bagh-
dad Cotton Traders, Horizon Yarn Suppliers,
and Sakar Global Logistics. Al-generated con-

tracts were compared to past outcomes from
similar events with respect to net profit mar-
gins, time efficiency, and statistical signifi-
cance of improvements over human led nego-
tiations (tab. 2).

T able 2
Scenario De- Case Organ- Ai—Gen; ra;ed Iiumar;—Lgd Profit Im- Negotiation Time Slfmﬁlc ance
scription ization vg. “rofit vg. “rofit provement Saved (Minutes) evel (p-
(USD) (%) value)
<
Supplier Short- al S}z)lklai 11,500 15 425 0.01
age (20%) opal Lo
gistics
Raw Material Al-Rafidain 13,400 10.7 44.0 <0.01
Price Surge Spinning
(30%) Ltd.
Urgent Order Gulf Denim 16,500 11.5 48.3 <0.01
Contract Corporation
Transport Delay YaPrIIi)rsllzlonli_ 10,100 12.2 39.2 <0.05
(+25%) PP
ers
Baghdad 9,850 159 40.0 <0.01
New Legal Cotton Trad-

Clause Insertion
ers

Using Al-generated contracts also pro-
vided clear financial and operational benefits
in all scenarios that were tested. Profits in-
creased by as much as 15.9% over traditional
methods, especially in cases on which regula-
tion compliance or rapid action was in play.
The time savings were also significant, aver-
aging a reduction of 42.8 minutes per negotia-
tion. Overall improvements were statistically
significant at the 99% confidence level. Al
was also able to demonstrate significant flexi-
bility in adjusting terms in response to procure-
ment pressure, an important trait in the volatile
world of the textile supply chain.

Legal Compliance of Al-Generated Con-
tracts analysis examines the compliance of Al
generated contracts against the legal standards
set by labor laws, anti-discrimination, mini-
mum wage enforcement and sustainability
clauses. Internal audit reports of the Maji
Weaving Company, Khareef Mills and Al-Na-
sir Textiles were used to benchmark contracts
from the Al model. Pre-generation legal re-
view on the results (tab. 3) included both
clause-level analysis to determine the ratio of
fully compliant legal clauses and to highlight
clauses/paragraphs which would need full
post-generation legal review.

T able 3
Contract Partner Firm Total Legally Compli- | Compliance Conflicts Clauses Needing
Code Clauses ant Clauses Score (%) Detected Legal Review
CNT-101 Al-Nasir Tex- 28 26 92.9 Yes 2
tiles
CNT-102 Maji Weaving 30 28 93.3 Yes 2
Co.
CNT-103 Horizon Yarn 26 25 96.1 No 0
Suppliers
CNT-104 Baghdad Cot- 22 21 95.5 No 0
ton Traders
CNT-105 Gulf Denim 24 23 95.8 Yes 1
Corporation
CNT-106 Khareef Mills 30 29 96.7 No 0
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The Al contributed whole contracts, and
across the board, there were high levels of
compliance, with each response sitting above
92% compliance. The majority of the legal
concerns were steps in the right direction as far
as pricing transparency and wording of envi-
ronmental clauses. Still, the identified issues
were trivial, and fixable with minimal post-
processing by legal counsel. In particular,
CNT-103, CNT-104, and CNT-106 achieved
>95% compliance with no conflicts of interest,
indicating alignment with regulatory require-
ments. These results confirm fully the accu-
racy of the Al model in embedding the funda-
mental legal duties in auto-conditional com-
mercial contract workflows.

Dev: 0.7%

21.4%
20.7%

17.5
15.0

12.5

Frequency (%)

7.5

5.0

EEm Human Contracts

2.5 = Al Contracts

—e— Cosine Similarity (%)

0.0
Delivery Timelines Payment Terms

Clauses

Penalty & Breach ~ Environmental
Requirements

The Structural Alignment of Al and Hu-
man Contract Clauses analyze the degree to
which Al-generated contracts replicate the
structural composition of human-drafted
agreements. Clause distributions were com-
pared across seven key areas: delivery time-
lines, payment terms, penalties, sustainability,
labor rights, intellectual property, and nondis-
crimination (fig. 1). The datawas drawn from
annotated legal archives at the Ministry of In-
dustry and historical templates used by Al-
Rafidain Spinning Ltd., Gulf Denim Corpora-
tion, and Nahar Exports.

-101

- 100

Dev: 0.1%
Dev: 0.1% -99

13.2% 13.1%
12.3% 12.4%

-98

Cosine Similarity (%)

=97

- 96

Labor Law
Compliance

Non-Discrimination
Provisions

Intellectual
Property Rights

Clause Category

The structural comparison indicates a
strong alignment between Al-generated and
human-crafted contracts, with average clause
frequency deviation below 1%. Cosine similar-
ity scores ranged from 97.5% to 100%, con-
firming that the Al model accurately repro-
duced the legal and commercial intent embed-
ded in standard contract architectures. Envi-
ronmental and labor-related clauses were mod-
eled especially well, aligning with current pol-
icy priorities. These results underscore the sys-
tem’s suitability for semi-autonomous legal
drafting in operational contract workflows, en-
suring both form and content fidelity.

Drawing from structured feedback col-
lected from five stakeholder groups: legal ad-
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Fig. 1

visors, procurement managers, internal audi-
tors, policy analysts, and textile suppliers, fig.
2 presents how those stakeholder groups assess
Al-generated contracts. Four-dimensional
contract evaluation — term and condition clar-
ity, fairness, implementation feasibility, and
legal compliance. Ratings were obtained
through expert surveys following a 10-point
Likert scale. Stakeholder-centered validation
like this is essential, not just to ensure the tech-
nical correctness of Al-generated legal docu-
ments, but also for their usability, contextual
appropriateness, and ethical acceptability in
the textile manufacturing sector.
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W Clarity of Terms
BN Fairness of Provisions

W Feasibility of Execution
Compliance Confidence

—e— \Neighted Satisfaction Index
N = Number of Respondents

9.0
9.00

8.75

8.50

8.25

Evaluation Score (out of 10)

8.00

1.75

7.50

Legal Advisors
(Lexton Law Firm)

Procurement Managers
(Al-Nasir Textiles,
Sakar Global)

The average satisfaction index based on the
feedback data is substantially high for all pro-
fessional groups, between 8.2 and 8.7. Strong-
est legal structuring by Al system suggested
by highs for legal advisors and internal audi-
tors on compliance and clarity on terms. Pro-
curement managers valued fairness and prac-
ticality, whereas suppliers like it when pro-
curement makes it very clear what they pre-
cisely want but feel that more flexible time-
lines can be helpful. No single stakeholder
group scored the system lower than 8.0 on any

Internal Auditors
(MidEast Assurance Ltd.)

Fig. 2

-9.00

-8.75

-8.50

-8.25

Weighted Satisfaction Index

-8.00

=775

-7.50

Policy Analysts
(Ministry of Industry)

Strategic Suppliers
(Khareef Mills,
Maji Weaving Co.)

dimension, emphasizing the contracts' credi-
bility, interpretability, and professional ac-
ceptability across legal, operational, and regu-
latory contexts.

The table 4 explores the productivity and
cost-saving effects of Al-assisted negotiation
versus human-led contracting. Among them is
measuring average negotiation duration and
cost differentials across five model procure-
ment scenarios at Al-Rafidain Spinning, Gulf
Denim GmbH, Nahar Exports Ltd, Baghdad
Cotton Traders and Horizon Yarn Suppliers.

T able 4
Organiza- Scenario De- Traditional Al-Based Ne- | Time Re- | Initial Con- Final Al Cost
tion scription Negotiation gotiation duction tract Cost Cost Savings
Time (min) Time (min) (%) (USD) (USD) (%)
Al-Rafidain Urgent raw 120 80 333 100,000 92,000 8
Spinning cotton pro-
Ltd. curement
Gulf Denim | Recycled fi- 150 90 40 120,000 110,000 8.3
Corporation ber supply
contract
Nahar Ex- International 100 65 35 90,000 83,000 7.8
ports Pvt. yarn supply
Ltd.
Baghdad | Delayed ship- 200 140 30 130,000 118,000 9.2
Cotton ment renego-
Traders tiation
Horizon Legal clause 180 120 333 95,000 87,000 8.4
Yarn Sup- compliance
pliers insertion
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The Al contract negotiations were signifi-
cantly faster than traditional negotiations and
much cheaper as well. This reduced negotia-
tion duration between 30%-40%, for Al-Rafi-
dain Spinning it was a 33.3%-time win: and
Horizon Yarn Suppliers gained one hour of ne-
gotiation time. The Final contract value also
decreased by 7.8% to 9.2% with savings of
USD 12,000 for Baghdad Cotton Traders
through the optimised dispute clauses and de-
livery terms. These advancements confirm
AT’s ability not just to craft high-quality con-
tracts, but to improve the speed, scalability and
cost-efficiency of output—to the benefit of
what is often a rapid-fire textile industry.

Discussion

Those findings demonstrated that for all
accuracy metrics and compliance validation,
deep neural networks outperformed the other
models, every single time. Furthermore, the
Al-generated contracts preserved structural fi-
delity to human-drafted contracts, and received
positive assessments of such contracts from
domain-specific stakeholders.

These results support the working proposi-
tion that artificial intelligence, under the
proper regulatory regime and with the indus-
try as its immediate legal environment, allows
significant enhancements in the contracting
process such as in speed, profitability, and
compliance with law. This enables considera-
bly faster turnaround and significant improve-
ments in accuracy when capturing both oper-
ational objective and legal directive compared
with traditional methods which frequently
come with challenges of inconsistency due to
human bias and time inefficiency, further pre-
venting previously unleveraged resources from
being utilized effectively.

These results echo wider debates about
how Al can transform negotiation practices,
especially in dynamic, multi-agent settings.
Deep reinforcement learning has been previ-
ously utilized by Aponte-Rengifo et al. in ne-
gotiations between distributed agents demon-
strating that the use of Al in larger networks is
a feasible option to consider for multinomial
bargaining scenarios [19]. Similarly, Guy et al.
highlighted the AI agent’s adaptation ability,
in indirect negotiation within Nash demand
games for strategic compromise situations

[21]. Our findings extend these models to con-
tractual contexts within the textile sector and
introduce regulatory logic and stakeholder per-
spectives and valuation—two fundamental ar-
eas typically omitted from previous technical
models.

In the textile industry, the role of Al has
been explored in terms of process automation,
supply chain optimization, and design fore-
casting. Authors[1, 2, 16, 17], for example, re-
viewed trends in current and expected future
utilization of Al in textile manufacturing, un-
derscored the modernizing capabilities of Al
across the textile operation, but did not take
their models into legal or negotiation territo-
ries. We fill these holes in the literature by
demonstrating how Al-generated contracts do
more than mimic human clause structure; they
iterate upon it through inherent compliance
scoring and stakeholder feedback loops.

This studyalso addstothe increasing body
of literature at the intersection of Al, contract
law, and ethical accountability. Asan example,
Ehidiamen and Oladapo [22] covered legal
protections during contract negotiations inher-
ent to clinical research, promoting the im-
portance of procedural propriety and stake-
holder transparency. Our model utilizes these
principles through stakeholder scoring and
conflict detection, creating a replicable canvas,
useful across industries and sectors and not
limited to health care. The legal alignment fea-
tures of our framework also align with calls in
the Al governance literature for the design of
accountable systems that align with increas-
ingly dynamic regulatory contexts [23].

However, the study has its limitations. A
notable limitation is the coverage of regulatory
datasets where only internationally recognized
frameworks and local textile regulations were
considered. The stakeholder satisfaction index
captured legal, procurement and auditing pro-
fessionals' feedback, but did not account for
trade unions or human rights organizations,
whose perspectives are critical for understand-
ing whether labor-related clauses are fair and
ethically sound.

A different limitation is the interpretability
of neural network decisions. Performance met-
rics tend to favor deep models, but these archi-
tectures are generally not interpretable, partic-
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ularly in the legal context where traceability of
automated decisions is appreciated. This ech-
oes the challenges discussed by Rojek et al.
[13] around the challenges of black-box Al in
regulatory-sensitive energy markets. In subse-
quent versions, the integration of explainable
Al techniques, as an attention visualization,
clause-by-clause rationale tracing to address
this concern and increase trust in documents
generated by Al would also be beneficial.

And although the Al system did well in re-
active negotiation scenarios, it was never
tested in long-term contract lifecycle manage-
ment, which would include renewals, amend-
ments, or dispute resolution mechanisms. One
possible way to extend this research involves
integrating blockchain-based smart contracts
[20] for automated contract enforcement and
monitoring transparency.

The current model includes clause-based
legal scoring, but does not yet have proactive
ethical auditing mechanisms that measure risk
for fairness or discrimination from the algo-
rithmic perspective. In light of recent warnings
by Yan et al. [23] work has been started on eth-
ical blind-spots in large-scale language and de-
cision models, it is very important that future
research goes further into the direction of dy-
namic ethical diagnostics implemented in gen-
eral Al development pipelines beyond accu-
racy and compliance.

This analysis offers data-driven and opera-
tional justification that the nature of Al can
valuably supplement contractual negotiation
processes in the textile industry.

Conclusion

Al can act as a powerful catalyst for the
transformation of contract management in the
textile sector, with proper domain-specific
guardrails in place.

Al models, such as deep neural networks,
can produce contractual terms that are not far
removed from compliance with standards typ-
ical in the relevant industryand in law. Beyond
numerical accuracy in both structure and con-
tent, the generated outputs displayed robust
adaptability to complex procurement environ-
ments with supply interruptions, price volatil-
ity, and regulatory uncertainty. This showed
that Al could meaningfully function as a deci-
sion-support tool in negotiation scenarios that

need precision, consistency, and speed of re-
sponse.
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